Electrochemical models for the lithium-ion battery are useful in predicting and controlling its performance. The values of the parameters in these models are vital to their accuracy. However, not all parameters can be measured precisely, especially when destructive methods are prohibited. In this paper, we proposed a parameter estimation approach to estimate the open circuit potential of the positive electrode (Up) using piecewise linear approximation together with all the other parameters of a single particle model. Using the genetic algorithm (GA), Up and 10 more parameters were estimated from a single discharge curve without knowledge of the electrode chemistry. Different case studies were presented for estimating Up with different types of parameters of the battery model. The estimated parameters were then validated by comparing simulations at different C rates with experimental data.
Introduction
Due to their high power and energy densities, lithium-ion batteries are emerging as one of the most popular energy storage technologies, both for consumer electronics like mobile phones, and for now ubiquitous electric vehicles and grid scale energy storage. All lithium-ion battery installations are accompanied with a control system called the Battery Management System (BMS). The role of a BMS is to ensure safe and reliable operation of the battery and to perform functions like current, voltage and temperature monitoring. Based on these monitored inputs together with a battery model, a BMS generates operating decisions for the battery, including depth of discharge, charging profile and so on. Compared with conventional empirical models used in the BMS, sophisticated physics-based models can describe the battery dynamics more accurately, thus are able to suggest optimal charging profiles that reduce degradation while allowing greater depth of discharge. However, the lack of accurate parameters needed for these models, typically the Single Particle Model (SPM) or the Pseudo 2-Dimensional (P2D) Model, prevents their industry-wide adoption and general usage.
The parameters are generally not known, as battery manufacturers treat them as trade secrets. Some parameters like the electrode thickness and particle size are not difficult to measure after opening up the cell, while some parameters are almost impossible to measure experimentally even with time-consuming destructive methods. For example, Bruggeman coefficient and tortuosity cannot be measured directly, therefore usually require fitting the simulation results from the experimental data. The kinetic data on the insertion reactions are not available, because of the fast charge transfer and slow mass transfer in the system, thus is usually estimated. Furthermore, some parameters are function of battery configuration and usage, hence may vary from cell to cell and change during the battery's lifetime. The fact that battery parameters change with use, makes direct measuring almost impossible, when updating the 'instantaneous' battery parameters over time is required for more accurate battery monitoring and control. The ability to get real-time parameters without opening up the cell is also important as greater proliferation of Lithium-ion batteries creates huge secondary usage market, which can only aim to use the batteries effectively and safely if the 'instantaneous' battery parameters are known.
Many efforts have been made for parameter estimation in the past. Commonly used methods include Electrochemical Impedance Spectroscopy (EIS), equivalent circuit model-based prediction with various Kalman filter methods, least squares method, machine learning etc. A detailed review of aforementioned methods can be found in Fleischer et al. 1 .
Realizing the importance of parameter estimation in electrochemical models, many researchers have been actively working on this topic. Santhanagopalan and coworkers 2 applied the Levenberg-Marquardt method, a nonlinear least squares regression technique to both SPM and P2D models, and estimated diffusivity in positive electrode, reaction rate constants and initial SOCs in both electrodes from both charge and discharge curve. Ramadesigan et al. 3 included capacity fade mechanism in their reformulated P2D model, and estimated the values of diffusivities in positive electrode and electrolyte and reaction rate constants in both electrodes over cycles using least squares estimation with Markov Chain Monte Carlo method for uncertainty quantification. Joel C. Forman and coworkers 4 used genetic algorithm (GA) for P2D model together with Fisher identification and successfully optimized 88 parameters at the same time for the lithium iron phosphate cell. Using a modified GA method NSGAII with TOPSIS, Zhang et al. 5 performed multi-objective parameter identification on both lithium-cobalt-oxide and lithium-iron-phosphate cells with thermal effects. More recently, Jun Li and coworkers used a heuristic algorithm to reduce the computational time during GA to estimate all parameters of a P2D model 6 .
However, in literature no one has reported successful estimation of thermodynamics parameters, the OCP of a single electrode (Up). In this work, we proposed the estimation of Up, as well as other parameters for a single particle model. Up was approximated as a piecewise linear model without any knowledge of the electrode chemistry. The values of the piecewise linear Up points were treated as additional parameters of the single particle model and were estimated to match a constant rate (1C) discharge curve obtained experimentally. Different case studies are presented to estimate Up along with different types of parameters of the battery model.
Relevance
In this work, we proposed a methodology and initial results for estimating battery parameters, including the thermodynamic parameters of a single electrode based on just discharge curves. With further attempts to reduce the computational time, the proposed methodology can be deployed on-site in field systems to estimate the battery parameters on the fly. This opens up the door for system intigrators to pick any cell on the market and use it in the most efficient way, with just the information provided in the battery datasheet. Since this method has the potential of real-time parameter estimation during operation, the parameters can be updated every few cycles to reflect the change in the cell. It can also facilitate the usage of second-hand batteries, even when operating history was unavailable.
Single Particle Model
Electrochemical models for batteries usually fall into two categories, single particle model or P2D model. P2D model, also known as the Doyle-Fuller-Newman (DFN) model or porous electrode model, was developed by the Newman group in the 1990s 7 , which takes into account the porous electrode theory, concentrated electrolyte theory, Ohm's law, charge and material balance, and reaction kinetics. SP model was introduced into lithium-ion battery modeling later by the White group 8 in the 2000s. The SP model is simpler compared to the P2D model but still captures the main physical processes in battery cells, including diffusion in the solid phase, reaction kinetics at the solid-electrolyte interphase, and material and charge balance. A more thorough comparison of battery models can be found in Ramadesigan et al 9 .
We used the SP model in this work, because it is less computationally expensive while still gives good results compared to experimental data in lower rates. SP model uses two particles with the averaged properties to represent the positive and negative electrode. The equations are listed in Table 1 . For the negative electrode, we assumed it is graphite, and used a regression model to represent the Un-SOC relationship.
For cell voltage, we included a lumped parameter c R , mainly for contact resistance at the current collector/electrode interface and the initial solid-electrolyte interface (SEI) layer resistance. The value for c R is left as an adjustable parameter to be estimated at the beginning, and kept the same for other cases for simplicity, since it does not change much in a couple cycles. For the battery life simulation, the resistance may be a good representation of degradation over time.
Besides Up, Un, there are 10 other parameters in the SP model, namely diffusivity of positive and negative electrodes (
, electrode porosities ( p ε , n ε ), and particle sizes ( p R , n R ). We then grouped the parameters into three groups, transport parameters (
parameters can be measure more easily compared to the transport and kinetic parameters when destructive experiments are allowed. Therefore, we prioritize the estimation of the 10 parameters. We explored the estimation of Up with transport parameters first, then included kinetic parameters, and eventually added design parameters.
To solve the SP model efficiently, finite difference method was applied for spatial discretization. For finite difference method, the more node points used, the more accurate the solution is, but the more computational cost required. We did simulations with 5, 10, 15, and 20 node points, shown in Figure 2 . From the figure, the curve with 5 node points is slightly different from the rest near 3400s, suggesting that at least 10 points are needed for accurate simulation. We used 15 node points for rest of the work to ensure precise numerical solution for the model.
Estimation of Up and Other Parameters
Similar to the work done by Ramadesigan et al. 5 , we used the least squares estimation approach to minimize the sum of squared differences between the experimental data and the model predictions. The objective function we used was
The experimental data was collected by discharging a fully charged Panasonic NCR18650A cell to 2.5 V at constant rates. The experimental data was recorded every second, resulting in ~3600 data points for 1C discharge. To reduce the number of data points, we used 1 point for every 10s, thus for 1C discharge, the number of data points was ~360. The typical nominal capacity of the cell is 3070mAh. The chemistry of the cell is not disclosed in its datasheet other than that it uses a nickel oxide system. It is common for commercial batteries to not disclose their chemistry, especially for positive electrode, making our work for estimation of Up relevant.
Due to the complexity and nonlinearity of the electrochemical model, and the large number of parameters involved (in this work, 21 Ups and other parameters), parameter optimization can be very challenging and computationally expensive. Genetic algorithm (GA) has been a popular approach recently for parameter estimation of electrochemical models 6 . GA is a global optimizer based on the process of natural selection and biological evolution. At every step (generation), a certain number (population) of individual solutions are randomly selected by mutation, crossover and selection from the previous generation. In this work, we used the Global Optimization Toolbox in MATLAB for GA.
Open Circuit Potential of the Positive Electrode
Owing to the existence of multi-stage intercalation voltage plateaus, the OCP-SOC relationship of a single electrode cannot be predicted by the general Nernst equation. The conventional way of getting the OCP information of a single electrode is by fitting a regression model to the experimental data measured at different state of charge (SOC) 10 . The OCP data is usually obtained by super slow discharge (at least 1/10C, sometimes as low as 1/60 C and even 1/100C) while measuring the potential vs. lithium metal as SOC changes. OCP is an intrinsic property of a certain material, thus needs to be determined every time when new electrode chemistry is used (eg. NCM 11 , LCO 12 ). The measurement is not only time consuming, but also destructive, as measurements need to be done for positive and negative electrode separately. Sometimes the experimental measurement can be spared if the chemistry of both electrodes is known and has been characterized, though the OCP-SOC relationship is not exactly the same for each individual cell even for the same materials fabricated with the same structures 13 . This relationship also changes as battery ages, resulting in bigger discrepancy in battery simulation. Furthermore, there are times when detailed material information is inaccessible, especially for commercial cells. As an alternative way to obtain single electrode OCP, estimation based on model-experimental comparison can be useful in practice.
In this study, we proposed a methodology to estimate Up based on a single discharge curve. It can be used during the first several cycles, to calibrate the initial status of an individual cell. This method can also be used anytime during the lifetime of a battery to help track and account for the degradation over cycles. The most common electrode OCP-SOC relationship is of certain polynomial form. As a first attempt, we used a third-order polynomial fit for the Up-SOC relationship, shown in Equation 1.
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Where a, b, c, and d are parameters to be estimated. We assumed that all the other parameters needed for the model are known, and used some guess values (listed as base case in Table 2 .2) to estimate a, b, c, and d only. The best fit was plotted in Figure 3 , together with the corresponding experimental data. As can been seen from the figure, the fit is far from reasonable. One can argue that by increasing the order of the polynomial function, the fit will be better and better. However, increasing the order of the Up-SOC function will dramatically increase the computational difficulty of the optimization problem. As a result, it is not favorable to pursuit the polynomial fit function.
A piecewise linear approximated model for Up was used in this study. We picked a certain number of Up values at equally spaced SOCs, and used a linear relationship for the SOCs between two values we picked, as expressed in Equation 2.
In this work, we mainly focused on estimating the Up. We chose positive electrode because the lithium-ion batteries commercially available now mainly use graphite based negative electrode, but the positive electrode material varies from a group of lithium metal oxides and the combination of them. The exact material formula and properties of positive electrode are generally not known, causing extra difficulty in battery management.
Case Studies
In this section, the results from several case studies estimating Up and other parameters in the model will be presented to demonstrate our idea. All the case studies were performed based on a single discharge curve at 3000mA at room temperature, roughly 1C. For the parameters not estimated in a certain case, we are using +-1% of the respective values in the 7 th column of Table 2 .2 as bounds, and estimating at the same time, thus the total numbers of parameter to be estimated are the same (31) for all cases.
Case Study 1: Estimation of Up and Resistance
Our first attempt was to try out the idea of using linear model to approximate Up. We estimated Up for different n linear approximated variables, where n = 4, 7, 13, and 21 Up values (Figure 4) . Theoretically, when n is getting closer to infinity, the linear model is the same as the real case, but with a bigger n, the computational cost increases. We selected n = 21 for all the studies in this paper, because 21 points can give us a smooth and accurate enough discharge curve without an unaffordable computational expense. In this case, 21 points of the Up and the contact resistance were estimated using GA for SP model. The upper and lower bounds for the Up values were 2.5 V to 4.4 V. We added another constraint for the Up values such that they decrease as the SOC of the positive electrode increases, demonstrated in Equation 4 .
The upper and lower bounds for R K were 0.2Ω and 0.01 Ω. No additional information about the electrode chemistry was required for the optimization. The estimated Up values were listed in the second column of Table 2 .1 and plotted in Figure 5 , while the discharge curve with estimated values can be found in Figure 6 . As can be seen from Figure 6 , the estimated curve matches well with the experimental data, suggesting that our linear approximation approach is applicable to the Up.
Case Study 2: Estimation of Up and Transport Parameters
With the success of Case 1, the next step would be to increase the number of parameters actually estimated. The transport and kinetic parameters are harder to measure, thus we estimated them together with the Up first. For Case 2, we set the resistance to be 0. Figure 8 and Tables  2.1 
Error Analysis
The absolute and relevant errors for each case were also calculated, listed in Table 3 . The more parameters we estimate at the same time, the greater degree of freedom the solution space has, and thus the smaller error can be achieved compared to the experimental data. Since the parameter values we used in base case were just guesses based on experience, the error incorporated in the parameters, though can be cancelled by varying the parameters we are estimating under this specific condition, may show up under a different operation condition. This is probably what happened in Case 3. Even though the error under 3000mA was smaller compared to Case 1 and 2, the prediction for 600mA, 1000mA and 6000mA was further off. In general, the prediction under lower rates (C/5 and C/3) was better compared to higher rates (2C), this may result from the limitation of SP model. Since the lithium-ion concentration gradient in the electrolyte is ignored in the SP model, it is only valid under low rates.
Validation
To validate the estimated parameter values got from aforementioned cases, we simulated the discharge behavior at different rates, and compared with experimental data, as shown in Figure 10 (600mA, C/5), 11 (1000mA, C/3), and 12 (6000mA, 2C).
As can be observed from the plots, the general discharge performance of the battery under different discharge rates can be predicted reasonably well by our estimated parameters.
Estimation with two discharge curve at different rates might help with the predictability, but using more data means more experiments need to be conducted and more computation need to be run during estimation. Since estimation with one discharge curve can already give us reasonable results under different rate, we will not increase the time and efforts required to get and calculate additional information. However, depending on the application, if higher accuracy is desired, more data points can be easily accommodated in the current optimization framework.
Discussion
All the estimations above were run on a Dell Precision T7500 desktop with two Intel Xeon CPU W5590 3.33GHz processors and 24 GB RAM. We used the Global Optimization Toolbox in MATLAB R2015b in a Windows 7 Professional 64-bit system. The estimation time was under 10 hours for all four cases. Compared with 3 weeks for 88 parameters of P2D model needed for parameter identification on a cluster of five quad-core computers done by Forman et al. 6 and 19 hours required to identify the parameters of a thermal P2D model on a cluster with 20 cores 14 , 10 hours is comparatively good. However, if we want to use the estimation as an on-line monitoring tool, then the computational cost has to be reduced.
In this work, we mainly focused on Up, because the negative electrode of the common commercial cells today is based on graphite, and the OCP of lithium-ion intercalation is well studies, thus readily available when needed. People are pushing the boundary of lithium-ion batteries now, and more material including graphene and silicon is being investigated as potential next-generation battery material. If required, similar to the positive electrode, the linear approximation of negative electrode OCP can be done as well.
Voltage :
Additional equations used in the SPM ButlerVolmer kinetics:
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